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Abstract: The objective of this study was to estimate poppy plant height and capsule volume
with remote sensing using an Unmanned Aircraft System (UAS). Data were obtained from field
measurements and UAS flights over two poppy crops at Cambridge and Cressy in Tasmania.
Imagery acquired from the UAS was used to produce dense point clouds using structure from motion
(SfM) and multi-view stereopsis (MVS) techniques. Dense point clouds were used to generate a
digital surface model (DSM) and orthophoto mosaic. An RGB index was derived from the orthophoto
to extract the bare ground spaces. This bare ground space mask was used to filter the points on
the ground, and a digital terrain model (DTM) was interpolated from these points. Plant height
values were estimated by subtracting the DSM and DTM to generate a Crop Height Model (CHM).
UAS-derived plant height (PH) and field measured PH in Cambridge were strongly correlated with
R2 values ranging from 0.93 to 0.97 for Transect 1 and Transect 2, respectively, while at Cressy results
from a single flight provided R2 of 0.97. Therefore, the proposed method can be considered an
important step towards crop surface model (CSM) generation from a single UAS flight in situations
where a bare ground DTM is unavailable. High correlations were found between UAS-derived PH
and poppy capsule volume (CV) at capsule formation stage (R2 0.74), with relative error of 19.62%.
Results illustrate that plant height can be reliably estimated for poppy crops based on a single UAS
flight and can be used to predict opium capsule volume at capsule formation stage.
Keywords: poppy; capsule volume; crop surface model (CSM); UAS; crop height; precision agriculture
1. Introduction
UAS-based remote sensing technology has demonstrated the potential for precision agriculture
by providing data at high temporal and spatial resolution [1]. In precision agriculture, remote sensing
has been used to monitor crop growth and health by computing a range of spectral vegetation
indices [2–9]. However, recently more attention has been given to the use of crop height modelling
for yield estimation [10–12]. In this context, several studies have shown that crop productivity, in
certain crop types (e.g., maize, potato, barley, wheat, corn, rice, sunflower and poppy [11,13–22], can
be assessed from biophysical characteristics, such as crop height and biomass. Crop height is an
important factor for yield estimation and crop management [11,19–23]. Crop height is a significant
indicator of yield estimation in maize [10], whereas, in barley, crop height has been utilised to estimate
biomass [11]. In the case of poppy crops, only a single study has looked at the use of remote sensing
methods, in which crop height and Leaf Area Index (LAI) were found to be two suitable indicators for
estimating opium yield [21].
UAS have become a viable and cost-effective alternative to manned airborne or satellite remote
sensing for precision agriculture, given their ability to collect high spatial resolution data at critical
times during the growing season [1,24–27]. Moreover, UAS aerial photography allows overlapping
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imagery to be collected, which is widely used for three-dimensional (3D) image reconstruction and
facilitates change analysis [11,28–31]. Three-dimensional measurements of crop structure are possible
by generating Crop Surface Models (CSMs), which enable crop height measurement [11,26,27,32].
Availability of CSM at high spatial resolution and high vertical accuracy is of increasing importance for
site-specific precision agriculture. The change in height values between the DTM at the time of sowing
and DSM at crop maturity can be used to derive plant height, which can improve understanding of
the relation between plant height, biomass, and yield [11,32].
For the reliability and accuracy of estimated crop biomass or crop yield, the availability of timely
information on crop height is important. In recent years, automated image orientation technique
Structure from Motion (SfM) complemented by dense image-matching through Multi-View Stereo
(MVS) has become a popular technique to derive 3D information about terrain and vegetation
from UAS images [11,26,27,29,32–35]. The SfM-MVS workflow starts with automated image feature
detection and identification followed by feature matching between overlapping images. Next,
SfM-MVS uses bundle adjustment algorithms to simultaneously estimate the 3D geometry, the different
camera poses (extrinsic calibration) and the camera intrinsic parameters (intrinsic calibration) [34–37].
The output of the SfM stage is a sparse, unscaled 3D point cloud in arbitrary units along with camera
models and orientation [29,30,34,37]. The 3D point cloud can be registered to a projected coordinate
system by identifying and incorporating ground control points in the bundle adjustment [26,27,29,38].
A dense image matching algorithm is then employed to extract a dense 3D point cloud from the
images [29,34–36,39–42].
The SfM-MVS workflow has been successfully applied for estimation of crop height [11,18,26,32].
DTMs have been produced with imagery acquired at the sowing stage, and subsequent DSMs have
been derived from UAS imagery at several critical crop stages [11]. The vertical difference of both
surface models (DSMs) and the DTM was used to estimate the crop height. A challenge with this
method is that it requires either a precise DTM or at least two flights to collect the DTM before crop
sowing and crop DSM during the growing season. It is not always feasible to collect a DTM at the start
of the growing season, and, therefore, our study aims to estimate crop height from a single UAS flight.
In this study, we focus on a high-value alkaloid poppy crop (Papaver somniferum L.), grown for
pharmaceutical applications, to demonstrate the application of UAS-based crop height assessment.
In earlier studies, different physiological indicators, such as plant height, have been assessed to
predict opium yield [20,21,43–48]. Spectral indices have been reported to estimate capsule volume and
showed a significant correlation between NDVI and capsule volume from flowering till harvesting
stage [7]. In most fields, poppy crop growth is spatially highly heterogeneous and requires a
substantial amount of data collection to develop models for yield estimation [45]. Several studies
have highlighted this phenomenon based on field observation of poppy crops grown under controlled
conditions [43,45,48–50]. Few studies have used remote sensing technologies for poppy yield
estimation [7,21]. Data collected from field measurements, particularly physical measurements
of the crop, provide reference information on crop growth. The spatial coverage of detailed field
measurements is often limited, however remote sensing techniques can help to identify the spatial
variability of key yield indicators at a much broader scale. This paper aims to investigate the potential
use of low-cost image acquisition using a UAS-based platform for the estimation of poppy crop height
and capsule volume. More specifically, the first objective of our study is to develop a new approach
that facilitates crop height estimation from a single UAS flight. The second objective is to assess
the potential of UAS-based CSM to predict poppy capsule volume (CV) using plant height as the
predictor variable.
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2. Materials and Methods
2.1. Study Area
This research was conducted in Tasmania, Australia on opium poppy, which was grown for the
pharmaceutical industry subject to government licensing. Two different field sites were selected for
this study (Figure 1).
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Figure 1. The general location of the study sites (Cambridge and Cressy) and the overview of the 
image obtained from unmanned aircraft system (UAS). 
The first study area was a commercial poppy crop located at Cambridge, Tasmania (42°47’50”S, 
147°25′33′′E, altitude 32 m) and the total sown area was ~16 hectares. The field was irrigated with a 
centre pivot irrigation system. Poppy seed was sown in late July 2014 in a well-cultivated field using 
seed drills, with seedling emergence in the following 1–2 weeks. Flowering occurred in November, 
with capsule formation starting in late December and poppy capsules were harvested in late January 
2015. The crop was sown with a seed drill to maintain a row distance of 6 cm with a seeding density 
of 80 seeds per square meter.  
The second study area was located in Cressy, Tasmania (41°41′S, 147°05′E) and the assessment 
was conducted in the subsequent field season. Many aspects of the crop were similar to the 
Cambridge site. The Cressy field was also irrigated with a centre pivot system, seed was sown in 
mid-August 2015 in a well-cultivated field using a seed drill, and the months of flowering, capsule 
formation and harvest (late January 2016) were the same. However, the crop was sown with a higher 
density (90 seeds per square meter) in 210 separate sample plots. This site was used to conduct an 
independent UAS campaign to verify the robustness of the single flight method. 
2.2. Data Collection 
2.2.1. Field Measurement 
For the Cambridge site, physical data were collected at four time points (Table 1). Field 
measurements were conducted along two transects, each a total length of ~90 m. Transect 1 (T1) was 
selected based on topographical variation, as it crossed a drainage channel in the field (Figure 2a). In 
contrast, Transect 2 (T2) was located in a part of the field with less topographical variability (Figure 
2b). The location of both transects is shown in Figure 1. Field data collection was organised in 25 
(0.25 m × 0.25 m) sample plots (sampled at every 5 to 8 m in each transect), which included the 
physical measurements of 125 plants along the two transects. Sampling plots were selected 
Figure 1. The general location of the study sites (Cambridge and Cressy) and the overview of the image
obtained from unmanned aircraft system (UAS).
The first study area was a commercial poppy crop located at Cambridge, Tasmania (42◦47’50”S,
147◦25′33′ ′E, altitude 32 m) and the total sown area was ~16 hectares. The field was irrigated with
a centre pivot irrigation system. Poppy seed was sown in late July 2014 in a well-cultivated field using
seed drills, with seedling emergence in the following 1–2 weeks. Flowering occurred in November, with
capsule formation starting in late December and poppy capsules were harvested in late January 2015.
The crop was sown with a seed drill to maintain a row distance of 6 cm with a seeding density of
80 seeds per square meter.
The second study area was located in Cressy, Tasmania (41◦41′S, 147◦05′E) and the assessment
was conducted in the subsequent field season. Many aspects of the crop were similar to the Cambridge
site. The Cressy field was also irrigated with a centre pivot system, seed was sown in mid-August
2015 in a well-cultivated field using a seed drill, and the months of flowering, capsule formation and
harvest (late January 2016) were the same. However, the crop was sown with a higher density (90 seeds
per square meter) in 210 separate sample plots. This site was used to conduct an independent UAS
campaign to verify the robustness of the single flight method.
2.2. ata Collection
. . . t
Cambridge site, physical data were collected at four time points (Table 1).
Field m asurements were conducted along two trans cts, each total length of ~90 m. Transect 1 (T1)
was selected based n topographic l variation, as it crosse a dr inage channel in th field (Figure 2a).
In contrast, Transect 2 (T2) was located in a part of the field with less topograph cal variability
(Figure 2b). The location of both tran ects is shown in Figure 1. Field data collection was organised in
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25 (0.25 m × 0.25 m) sample plots (sampled at every 5 to 8 m in each transect), which included the
physical measurements of 125 plants along the two transects. Sampling plots were selected randomly
along the transect lines and were marked to allow for repeat data collection at different growth
stages, i.e., flowering, capsule development and capsule formation (Table 1). At each sample plot,
physical parameters including the number of plants and capsules, horizontal and vertical dimensions
of each capsule, and plant height (PH) were measured using Vernier calipers and steel measuring tape,
respectively (Figure 3). Average plant height and average capsule dimensions per plot were determined.
Capsule volume was calculated by assuming the capsule to be an ellipsoid [19]. Linear regression
was computed for plant height (PH) at three stages against capsule volume (CV) at the capsule
formation stage (Table 1). For capsule volume estimation, an empirical relationship between crop
height and capsule volume was developed from the field observations at capsule formation stage.
This relationship was used to estimate capsule volume using UAS acquired plant height information.
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For the Cressy site, two assessment periods were included (Table 1). Field measurement was
conducted from 210 (5 m × 1.8 m) sample plots, ith data obtained from 20 plants per plot. Plant
height was measured at capsule formation stage (3 December 2015).
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Figure 3. Overview of the field physical measurement of plant height and capsule height and diameter:
(a) diameter of capsule measured with a Vernier caliper; (b) height of capsule measured with Vernier
caliper; and (c) height of each plant was measured with measuring tape.
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Table 1. Field assessments and Unmanned Aircraft System (UAS) campaigns at the study locations.
Survey Date Growth Stage Observation
Cambridge
28 November 2014 Flowering Physical
16 December 2014 Capsule development Physical
21 December 2014 Capsule formation Physical
22 December 2014 Capsule formation Physical, UAS, GPS
Cressy
17 September 2015 Sowing and germination UAS, GPS
3 December 2015 Capsule formation Physical, UAS
2.2.2. GPS Survey
Accurate GPS coordinates of each sample plot and Ground Control Points (GCPs) were measured
with survey-grade dual frequency RTK GPS (2–4 cm absolute coordinate accuracy). Photo targets
generated with Agisoft Photoscan were printed on 0.5 m × 0.5 m plastic boards and were distributed
in the field to be used as GCPs for UAS-based image processing [29]. Twenty GCPs were distributed
evenly in the both experiment area. For the Cambridge site, fourteen GCPs were used as constraints
in the bundle block and were used to automatically georeference the whole camera network, while
six GCPs were used for the validation of processed imagery results. For the Cressy site, five GCPs
were used for 3D model construction, whereas, 15 GCPs were used for model validation.
2.2.3. UAS Campaign
In this study, three UAS campaigns were conducted (Table 1). We used an OktoKopter UAS
platform to acquire the imagery [29]. An OktoKopter is a multi-rotor platform and has a total take-off
weight of 3 kg. This platform has a camera stabiliser gimbal with capacity to carry a payload of up
to 2 kg for a flight duration of around 5–10 min, which is sufficient to capture UAV-MVS imagery
for a 1–2 ha area. Two separate flights were conducted to cover the whole area. This platform was
controlled with an autopilot and navigation-grade GPS receiver to collect (x, y) positions and altitude
for the camera stations. The RGB images, with a 5184 × 3456 pixel array, were acquired with a Canon
550D DSLR digital camera (18 Megapixels). The camera was operated with a 20 mm fixed focal length
lens on manual focus mode fixed to infinity. The exposure time of the camera was set to a fast shutter
speed of 1/1600th of a second to reduce motion blur and the ISO was set to 125 to reduce noise in the
image with an aperture of f /2.8. The camera was triggered by the flight controller to capture the image
after every ~1.5 s. The images were acquired at an altitude of approximately 50 m with a mean spatial
resolution of 1 cm. Finally, the images were acquired along evenly spaced flights with ~90% forward
overlap and ~70% side overlap between images in cloudless illumination condition at 12:30 pm to
1:30 pm.
2.3. UAS Data Analysis and DSM Generation
The main methodology of this research is summarised in Figure 4. The study was based on
crop height estimation using SfM-MVS image reconstruction approach with Agisoft PhotoScan
software [11,28–31,35]. As detailed further below in Section 2.3.1, UAS images were processed to
generate DSMs and orthomosaics of the study areas. As poppy crop growth is relatively dense
compared to other crops, it is not always possible to detect bare ground patches within the crop.
Therefore, mosaicked orthophotos with R, G, and B bands were used to classify crop and bare soil
pixels [32]. The bare soil pixel masks were used to extract the corresponding height values from the 3D
model generated using Agisoft PhotoScan. Extracted soil height values were spatially interpolated
using a Spline algorithm to generate the DTM surface. DSM (height values of crop) and DTM (height
values of ground) data were subtracted to estimate the crop height. The results were compared against
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field measurements of crop height (at sample plot level) in order to assess the accuracy of the method.
Finally, the relationship of plant height and capsule volume developed from the Cambridge field data
was used to estimate capsule volumes using UAS determined crop height.
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Figure 4. Flowchart illustrating the main steps for the estimation of plant height and capsule volume
using imagery acquired from UAS flight campaign.
The single flight method for estimation of crop height used at Cambridge (Figure 4), was tested at
the Cressy site. In this verification process, comparison was made between a single UAS flight and
the traditional methodology for crop height estimation using two separate flight campaigns [26,51].
A bare ground DTM was created by conducting a UAS campaign over the bare field at the time of
sowing (17 September 2015). The second flight campaign was conducted at capsule formation stage
(3 Decemb r 2015) and the UAS images were used to develop a DSM and orthophoto mosaic. Data of
proposed (single flight) and traditional CSMs were statistically compared to quantify the accuracy of
the new method.
2.3.1. DEM Generation
The workflow involved in processing UAS-mounted RGB camera imagery is represented in
Figure 4. UAS-MVS acquired imagery and corresponding GPS data were used to geotag all images.
The process of geotagging images speeds the process of extracting orientation information and
reducing the computation required for feature identification and feature-matching to estimate camera
parameters [30]. C mputation of 3D object geo etry info mation from overlapping images is possible
using feature matc ing in multiple view through SfM-MVS algorithms [52].
In this study, we utilized Agisoft PhotoScan Professional Version 1.1.4 to generate 3D models
and orthophotographs. The first step is the image feature detection, feature matching, and bundle
adjustment. This process results in a sparse point cloud (based on the image features used in the
bundle adjustment) and the initial camera locations. The “High Accuracy” and “Reference” pair
selection settings were used to achieve accuracy high quality bundle adjustment. The resulting 3D
model was used to build a 3D texture model to manually identify the GCP targets. This model was
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used to position the GCP markers approximately, after which the exact position of the markers was
refined in every image [29,30,35]. Based on GCP coordinates measured in the field using RTK GNSS
(2–4 cm absolute accuracy), the camera alignment was optimised to generate the dense point cloud.
For the production of the dense point cloud, the point quality was set to “High“ and depth filtering
setting was set as default “Aggressive”. Finally, the orthophoto and DSM were exported with the
standard procedure of Agisoft PhotoScan.
2.4. Vegetation Indices and Bare Ground Pixel Extraction
In Tasmania, poppy crops are sown using seed drills that create areas of bare ground, which
in this case was approximately from 0.5 to 1.0 m wide and provides the visibility of ground areas
from UAS imagery. Moreover, areas of bare ground were also visible in the orthophoto, either due to
wheel tracks of spray equipment, or between plants in areas of weaker growth. The seeding density of
80–90 seeds per square meter with dense growth makes it difficult to classify ground points within
the crop. Therefore, an orthophoto mosaic with R, G, and B bands was used to compute RGB indices
for the delineation of crop and soil pixels [32]. The Red-Green index [53,54] was computed using DN
values (unsigned integer) to classify the crop and bare ground pixels. The output index values ranged
between −1.0 to +1.0. Index layer pixels were classified as bare ground when pixel values were below
zero and as vegetation when above zero.
Rgreen− Rred
Rgreen+ Rred
The classified bare ground areas were used to mask all bare ground areas throughout the image.
Masked areas were used to extract the pixel-based height values from the DSM. To ensure the
classification of real ground values, polygon grids of 0.5 × 0.5 m were created and used to extract the
height values from masked bare ground areas. Each pixel bare ground height value was converted
into a point. To ensure the selection of real ground surface height value, zonal statistics for each zone
were calculated in ArcGIS 10.3 to determine the lowest elevation points in each zone. These were used
to generate the DTM with spatial Spline interpolation, which minimises the overall surface curvature.
This results in a smooth surface that passes exactly through the input points. A CSM is calculated by
subtracting the DTM from the DSM [11,32]. For plot-based analysis, a square buffer of 0.25 m was
placed around each surveyed point for each sample plot. Finally, from the CSM layer, pixels falling in
each sample plot were extracted. Based on the CSM, individual plant heights were extracted solely
from crop classified pixels and used for statistical analysis and accuracy assessment.
2.5. Plant Height and Capsule Validation
PH estimates derived from the UAS-CSM at Cambridge were compared to the reference
measurements on the ground to assess the accuracy of this method. The height error was calculated
as the difference between actual PH measured in the field and estimated PH from the UAS CSM.
The root mean square error (RMSE) of the errors was calculated along with the regression fit and the
R2 between measured and estimated PH. PH derived from the UAS CSM was used to estimate CV and
the simulated results were also verified with field observations. Moreover, Cressy site PH obtained
from a single flight and from traditional methodology were compared with field measured data.
3. Results
3.1. Field Measurements
Field-based plant measurements showed that PH at the capsule development stage is the strongest
predictor for CV estimation, based on the stages assessed in this study (Figure 5). The highest
correlation of PH with CV was observed at capsule formation stage (R2 of 0.71) in T1, whereas,
at capsule development and flowering stage the correlations were lower (R2 0.69 and 0.67 respectively).
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The significant and moderately strong correlation between PH (measured) and CV (measured)
observed at capsule formation stage were found for both Transect 1 and 2 data (Figure 6). During the
flowering stage, the poppy opium capsule still needs time to develop, however, the increase in plant
height stops at this stage and the plant moves towards the next phenological stage.
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stage and plant height (X axes—cm) at different growth stages, for Transect 1.
Figure 6 shows a significant relationship between PH and capsule volume at capsule formation
stage. We selected this stage for analysis because the yield predication at this stage can be used to
appropriately manage the required resources to optimize yield. The relationship is more apparent
during the capsule formation stage (as evident from Figure 5), showing an increase in CV with an
increase in PH (Figure 6 and Table 2).
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plant level shows R2 = 0.711 at T1 and R2 = 0.723 at T2. Thus, it can be concluded that the PH during
flowering and capsule formation stage is the best indicator for capsule volume estimation. The model
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developed based on T1 field data was validated on T2 and vice versa yielding RMSE of 20.80% and
15.0%, respectively (Table 3).
Data obtained from T1 showed greater variation in CV compared to T2, ranging from 13.71 cm3
to 60 cm3 in T1 and 16.08 cm3 to 49.35 cm3 in T2 (Table 2). Similarly, a wider range of PH was observed
in T1, i.e., 49 cm to 110 cm as compared to T2 ranging from 59 to 89 cm.
Table 2. Field measured data of plant height and capsule volume for two transects at individual plant
level (n = 65 for T1 and n = 60 for T2). PH, plant height; CV, capsule volume.
Statistics
Transect 1 Transect 2
PH (cm) CV (cm3) PH (cm) CV (cm3)
Min PH 49.00 13.71 59.00 16.08
Median PH 69.00 36.79 74.00 36.86
Mean PH 72.55 34.71 74.46 35.44
Max PH 110.0 60.00 89.00 49.35
Table 3. Regression of plant height versus capsule volume from field measurement of two transects.
T1: Transect 1, T2: Transect 2. N = number of sample; SE = standard error; R2 = coefficient of
determination; with p < 0.0001; RMSE = root mean squared error; RMSE = relative root mean square error.
Transect Regression Model N SE (cm3) R2 RMSE (cm3) RMSE%
T1 CV = 0.6127 × PH −9.730 65 6.33 0.71 7.23 20.80
T2 CV = 0.7911 × PH −23.66 60 4.30 0.72 5.32 15.00
3.2. Crop Surface Model Generation
The Cambridge site analysis of the 3D model generated in Agisoft PhotoScan with reference to
GCPs resulted in an overall RMSE of 7.60 cm. The accuracy of using the Red Green Index to classify
vegetation from bare ground was checked by conducting a survey of bare ground patches in the field.
In the survey, 152 points were collected from both classes (bare ground and cropping area) and the
overall accuracy of classification was 93.72%. Extraction of the actual bare ground surface was achieved
by eliminating false classification points. The resultant areas were then used to extract the height
values of bare ground from the DSM. The extracted height values were interpolated using a Spline
interpolation algorithm to generate the DTM. The height values of DTM pixels were compared with
the corresponding surveyed points. For each point, the error was calculated as the difference between
actual ground elevations measured in the field using DGPS with the ground elevation obtained from
the interpolated DTM layer. The accuracy assessment indicated an overall RMSE of 9 cm. In the case of
the Cressy site, the overall RMSE of the surface model derived from the campaign at the sowing stage
was 2.5 cm. For the model generated at capsule formation stage, results yielded an overall horizontal
RMSE of 6 cm and the vertical RMSE of 4 cm.
3.3. Relationship between CSM-Derived PH and Measured PH
The accuracy of the CSM generated from UAS imagery was calculated using average height
values of the pixel on each plant with measured values. The difference between height values obtained
from field and CSM were derived to quantify the error in the CSM. The results showed (Table 4 and
Figure 7) a clear underestimation of height in both transects, which is a common observation found in
previous studies [11]. In both transects, the difference of observed vs estimated mean height was found
to be variable, ranging from 12.55 to 9.96 cm. In T1, the difference between measured and estimated
CSM height of smaller plants revealed underestimation of approximately 10 cm, and approximately
18 cm for larger plants. In contrast, the values of T2 showed an underestimation of 7 cm for larger
plants and 12 cm for smaller plants. RMSE also varied depending on the transects, with the relative
error ranging from 13.60% to 18.72% (Table 5).
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Figure 8 shows the linear fit and coefficient of determination between measured and estimated
plant height at the individual plant level; the results are highly significant with R2 of 0.93 for T1 and
0.97 for T2. The underestimation of plant height in the CSM is likely a result of local averaging in the
creation of the grid-based CSM.
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Table 4. Measured and estimated plant height (cm) for two transects at the individual plant level PH
for Transect 1 and 2 at the Cambridge site.
Statistics
Transect 1 Transect 2
Measured (cm) Estimated (cm) Measured (cm) Estimated (cm)
Min PH 49.00 38.00 59.00 47.00
Median PH 69.00 59.00 74.00 64.50
Mean PH 72.55 60.00 74.46 64.50
Max PH 110.0 92.00 89.00 82.00
Table 5. Root mean square error (RMSE) and relative root mean square error (RMSE %) compared with
average of measured plant height (PH) for Transect 1 (T1) and Transect 2 (T2) at the Cambridge site.
RMSE (cm) Average PH (cm) RMSE%
PH (T1) 13.58 72.54 18.72
PH (T2) 10.12 74.45 13.60
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3.4. Relationship between Single Flight PH and Traditionally Measured PH
Figure 9c illustrates that the DTM extracted (b) at capsule formation stage varied between−4.3 cm
to 4.1 cm compared to the DTM estimated (a) when the field was bare. Moreover, the estimated DTM
(single flight) showed smoother boundaries as compared to the true DTM (two flights), which is
caused by interpolation. Overall, both DTMs show almost the same elevation values and illustrate the
same general spatial variability. It was found that the crop height estimated from a single flight was
strongly correlated with the crop height estimated from two flights, with an R2 value of 0.97 (Figure 10),
whereas R2 of 0.99 was achieved in the case of two flights in relation to measured values. However, in
both methodologies, the difference of mean height was found to be slightly variable, ranging from
58 cm to 59 cm.
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the flight at capsule formation stage (b); and the difference between (a) and (b,c).
The difference of CSM derived height of smaller plants was approximately 3 cm, whereas in
larger plants the CSM showed a maximum height of 85 cm and 84 cm based on a single and two-flight
method respectively. The accuracy of the proposed one-flight methodology is similar to results of crop
height estimation in other studies for other crops [11,28–31]. Overall, the RMSE varied from the single
flight method to two flight method, with the relative error ranging from 11.01% to 10.36%. However,
the extracted height values from both methods were lower than the field measured values.
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4. Discussion
In this research, the analysis was carried out to estimate capsule volume from plant height
determined at different developmental stages, and it was concluded that the capsule formation stage
gives the best results in predicting capsule volume (R2 = 0.71), which is in accordance with a previous
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study [21]. Capsule volume can also be predicted at the flowering stage, but with lower accuracy
(R2 = 0.67). The coefficient of determination at the flowering stage was found to be low, as plant
development was not uniform (i.e., some plants had progressed to the flowering stage while others
remained at the stem elongation stage). This shows that at intermediate developmental stages of the
crop the accuracy of the relationship between PH and CV is limited, as reported previously [7].
PH plays an important role in providing information on crop development. Healthier plant
development in early stages supports formation of larger capsules [20,45]. The current research
shows that plant height information can be estimated using UAS-MVS remote sensing. Apart from
apparent advantages of UAS remote sensing, there are many challenges associated with routine
operations, such as small payload capacity, low spectral resolution, poor geometric and radiometric
performance, low software automation, sensitivity to atmospheric conditions, short flight endurance,
and possibility of equipment damage. Moreover, UAS users need to consider cost involved in repairs
and maintenance, transportation, weather conditions and regulations for flying small UAS. Thus,
multiple flight campaigns are not always possible. The weather, especially in Tasmania, is also a
restricting factor. Spring and early summer can have high rainfall, so, it can be difficult to conduct UAS
campaigns during this period at the relevant crop stages. Therefore, in this study, a simple and reliable
method has been developed and tested for robust estimation of PH, based on a single UAS flight
campaign, thereby overcoming the restriction of multiple flight campaigns and providing promising
results for precision agriculture.
In this study, the visible ground areas within the field were utilised to detect the elevation of
bare ground and were used to interpolate the DTM. The height values of soil points could also be
extracted from vegetated imagery [11,27]. The accuracy of the DTM obtained from the single flight
method depends on the distribution and size of bare ground patches visible in the mosaicked image.
The error analysis of the Cambridge site DTM showed an underestimation, expressed by an RMSE
of 9 cm. This indicates that a smaller number of bare ground patches cannot represent an accurate
distribution of height values. Moreover, the accuracy of the DTM depends upon the terrain variation in
the field. If the topography throughout the field is highly variable, then a large number of bare ground
patches are needed to obtain an accurate DTM. In the case of the Cressy site with flatter topography
but fewer bare ground patches, similar results were obtained (Figure 10). The Cressy site results
illustrate that the difference in DTM extracted at capsule formation stages and DTM generated at
sowing stage varied approximately ±4 cm, which is much lower than the result of Cambridge site,
and therefore more accurate. An accuracy assessment of the CSM resulted in an RMSE of 12.24 cm
for the Cambridge site, whereas, Cressy resulted in RMSE of 5.60 cm, in accordance with the result of
previous studies [29,31,35,38].
Crop height is generally underestimated, which is a common issue with vegetation height
assessment with SfM-MVS [11]. Crop height estimated from UAS compared with measured crop height
resulted in a coefficient of determination of 0.93 in the case of T1, while in T2 it was slightly higher and
reached up to 0.97. Cressy site results with a single campaign provide R2 of 0.972, in accordance with
a previous study [11]. Results with two flights showed higher R2 of 0.988, in accordance with other
findings [55]. Overall, the RMSE also varied depending on topography. In Cambridge farm, the relative
error being 13.60% and 18.72% for transect T1 and T2, respectively. Conversely, in Cressy experiment,
results illustrates that the crop height extracted with the single flight can provide similar results as
compared to two flight campaigns, with the relative error ranging from 11.01% to 10.36%, respectively.
This is because topography of Cressy farm was well levelled as compared to Cambridge site. Moreover,
well distributed bare soil patches were available to detect, therefore, resulted in better estimation.
UAS remote sensing derived PH estimates used to simulate capsule volume showed the coefficient
of determination of R2 = 0.738 with RMSE of 6.95 cm3 with a relative error of 19.62% at T2. The error is
slightly higher for UAS derived CV as compared to the field-based model because of underestimation
of UAS-derived plant height. The results showed a higher agreement between the estimated capsule
volume and estimated plant height. To improve the model prediction for future research, the error
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inherited from DTM and DSM can be minimised by using an on-board RTK GNSS receiver as it will
enable collection of accurate location and position information associated with each image and improve
the georeferencing of acquired imagery. Moreover, an important factor is the size and distribution of
bare ground patches. A larger number of bare ground patches with larger GCPs can be used to cover
the whole variation of terrain, which would improve the accuracy of the DTM and DSM, resulting in a
higher accuracy of the CSM.
The poppy capsule volume estimation model used in this study is an empirical model, and if
implemented elsewhere, would require a new regression analysis based on field survey data, as the
slope and offset of the regression equation would alter based on environmental circumstances and
impacts of treatments, such as growth regulators. In Tasmania, poppy is grown as a legal crop and
farmers are paid based on the alkaloid output of crops. Therefore, the poppy industry selects specific
varieties for cropping, thus, the applicability of this model would need to be investigated on other
varieties as well. Other factors that may change the relationship of PH with CV include different soil
types, irrigation applications, and nutrients. Crop height estimation using the proposed methodology
provides a cost-effective and time-saving way to acquire crop information. The proposed method
reduces the time for field campaigns and reduces the cost of each flight campaign (GPS, UAV pilot,
transportation, image processing etc.), which can help farm managers and researchers to manage crop
zones according to crop requirement and therefore optimise yield.
5. Conclusions
In this study, we used a UAS platform with a standard digital camera and GPS to acquire very high
resolution RGB images of poppy crops. Structure from Motion (SfM) and multi-view stereopsis (MVS)
methods were used by deploying Agisoft Photoscan software to generate a DSM and orthophoto.
This study demonstrates a novel method to estimate plant height using a single-flight UAS survey.
The bare ground patches were classified using red green index and were used to extract the height
value of the ground and were used to generate a DTM. In Cambridge farm experiment, UAS-derived
plant height and field-measured PH was strongly correlated with R2 values ranging from 0.93 to
0.97 for T1 and T2, respectively. In Cressy farm experiment, the extracted crop height from single
flight method showed very high correlation with two flight estimated and field measured height,
with a R2 value of 0.97 and 0.98, respectively. It can be concluded that to estimate PH and therefore
CV, a single flight method can provide almost similar results to that of two flights, saving cost and
time. This provides an important approach for CSM generation from a single UAS flight where a
prior DTM is unavailable. Moreover, this study estimated poppy capsule volume based on UAS
derived crop height. Poppy capsule volume estimation using UAS derived plant height is a novel
approach, which has not been formally tested before and has predicted 81% of the capsule volume
variation. The coefficient of determination (R2 = 0.73) demonstrates that plant height derived from
UAS imagery is a suitable indicator for capsule volume. Capsule volume can be used as a proxy for
alkaloid yield [19], which is vital to estimate for the pharmaceutical industry.
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CSM Crop Surface Model
DSM Digital Surface Model
CHM Crop Height Model




UAS Unmanned Aircraft System
GPS Global Positioning System
DGPS Differential Global Positioning System
RTK Real Time Kinematic
SfM structure-from-motion
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